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Chronic pain: pain that extends beyond the 
expected period of healing1

1Turk and Okifuji, 2001
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Biomechanics to Brain Pain

Cycling + Stress = CP/CPPS?



Chronic prostatitis/chronic pelvic pain syndrome (CP/
CPPS) is a clinical condition presenting as chronic pelvic 
pain for 3 months within a 6-month period, with a variable 
degree of urinary and sexual dysfunction in the absence 
of any identifiable pathology.1

1. Krieger et al., 1999
2. Allsop et al., 2011

• Prevalence: 6 - 12% (Most frequent urological diagnosis 
for men under 50).2

• Virulence: Accounts for 8% of urological visits and 1% 
of all primary care visits. QOL scores lower than CHF, 
diabetes, and Crohn’s disease.2

• Cost: $6,500 per patient per year.2 
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Cancer CP/CPPS CHF

% office visits
with condition
present

5.7%

0.44%

1.7%

2008 National Ambulatory Medical Care Survey
Allsop et al., 2011
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Cancer

% office visits
with condition
present

5.7%

CP/CPPS
0.44%

Prostate

By type

Breast

Lung

Colon

Other

Melanoma-skin
Urinary bladder

Thyroid
Uterine corpus

Non-Hodgkin lymphoma
Kidney & renal pelvis
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Current (conservative) Treatment Options

• Long (3 months+) course of antibiotics.1

• Combination of physical therapy and relaxation techniques.2 

• Aerobic exercise.3

1. Allsop et al., 2011
2. Anderson et al., 2005
3. Giubilei 2007
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Problem with current treatments
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“Out-of-tune approach”
Aerobic exercise

Giubilei et al., 2007

“In-tune approach”
Physical therapy and relaxation

Anderson et al., 2005

“Pharmaceutical approach”
Alpha-blockers, tricyclic anti-depressants, etc. 

Allsop et al., 2011
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Several approaches, little objective plan
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CP/CPPS
Phenotype

Persistent
Pelvic
Pain

End-organ disease
and/or

Central pain syndrome?

End-organ disease Central pain syndrome

CNS correctly
processes
nociceptive
input 

CNS amplifies
normal input or
creates pain

A

Biomechanics to Brain Pain

Central question in CP/CPPS research

Kutch et al., In Review
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B
CP/CPPS Population

fMRI and
other Imaging

Modalities End-organ disease

Central pain syndrome

Patient-specific 
combination

Potential CP/CPPS patient stratification

Kutch et al., In Review



PT targets soft tissues, nerves, and muscles, 
including neuromuscular education
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Our fMRI/PT approach
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Our fMRI/PT approach
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cortex. Peak ROI activity (averaged for 27 voxels) was
extracted from each subject and related to clinical param-
eters.

Analysis of global and regional anatomical differences.
We investigated global and regional gray differences
based on the T1-weighted anatomical images obtained
from 16 patients with CP/CPPS and 16 matched controls
using described methods.11 Brain white matter properties
were studied based on the DTI images obtained from 10
patients with CP/CPPS and 10 matched controls using
described methods.

RESULTS

Participant Characteristics
Men with CP/CPPS (mean age 36.94 years old) re-
ported pelvic pain for an average of 3 years with a
mean 4.5/10 current pain intensity. Global NIH-
CPSI scores ranged from 19 to 35 (mean 28.56, SE
1.17) with an average pain subscore of 13.56 (SE
0.81). Participants reported pelvic (100%), penis tip
(75%), perineal (66%) and testicle (58%) pain with no
history of other chronic pain. Of the 16 men 7 were
taking medication and none used tricyclics or gaba-
pentinoids.

Brain Activity for Spontaneous Pain in CP/CPPS
Conscious subjective rating of spontaneous fluctua-
tions of CP/CPPS pain during a period of 10 minutes
resulted in the group averaged brain activity shown

in figure 2, A. The brain regions activated, their
coordinates in standard space and magnitude of ac-
tivity are shown in the table. In addition to the pain
of CP/CPPS, this task required attention, motor con-
trol and evaluation of magnitudes. The visual con-
trol task contained all of these same cognitive de-
mands without being related to CP/CPPS pain.
Therefore, the activity for visual control identified
brain areas activated in the task but not related to
CP/CPPS (fig. 2, A). More importantly by contrast-
ing activity between the pain task and visual task
(spontaneous pain – visual), we pinpointed brain
regions where activity was preferentially and, thus,
more specifically, related to the perception of CP/
CPPS pain. This result is shown in figure 2, B, and
included ant INS and secondary somatosensory cor-
tex. The opposite contrast (visual – spontaneous
pain) revealed visual task related activity. Age and
depression scores were used as covariates of no in-
terest (eg confounding variables) in all functional
analyses.

To determine the clinical relevance of these find-
ings, average brain activity from regions preferen-
tially involved in CP/CPPS pain were extracted and
correlated with predetermined clinical variables.
Ant INS activity was significantly positively corre-
lated with self-reported spontaneous pelvic pain in-
tensity (r ! 0.57, p "0.05; fig. 3, A), indicating that
brain activity characterizing the spontaneous pain
experienced by men with CP/CPPS was related to

Figure 1. Spontaneous pain rating task in patients with CP/
CPPS. A, patients used finger-span logging device to continu-
ously rate fluctuations in spontaneous pelvic pain (in absence of
external stimulus) on scale from 0 to 10 by opening and closing
fingers. B, inside scanner patients received feedback of pain
ratings in real time, presented as visual bar projected onto
screen that fluctuated on scale from 0 to 10. C, examples of
spontaneous pain ratings from 3 patients with CP/CPPS. Individ-
ual patients exhibited distinct overall pain magnitudes and vary-
ing levels of fluctuations around mean spontaneous pain. Rat-
ings were used as explanatory variables in fMRI analyses to
identify related brain activity.

Figure 2. Group brain activity maps for spontaneous pain and
visual rating tasks in CP/CPPS. A, group average brain activity
for spontaneous pain rating task and for visual rating task. B,
contrast between pain and visual tasks shows areas that were
more specifically active during spontaneous pain of CP/CPPS
(red-yellow), and included right anterior insula and parietal re-
gions. Regions with higher activity during visual task (visual –
pain) are shown as negative activity (blue-green).
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cortex. Peak ROI activity (averaged for 27 voxels) was
extracted from each subject and related to clinical param-
eters.

Analysis of global and regional anatomical differences.
We investigated global and regional gray differences
based on the T1-weighted anatomical images obtained
from 16 patients with CP/CPPS and 16 matched controls
using described methods.11 Brain white matter properties
were studied based on the DTI images obtained from 10
patients with CP/CPPS and 10 matched controls using
described methods.

RESULTS

Participant Characteristics
Men with CP/CPPS (mean age 36.94 years old) re-
ported pelvic pain for an average of 3 years with a
mean 4.5/10 current pain intensity. Global NIH-
CPSI scores ranged from 19 to 35 (mean 28.56, SE
1.17) with an average pain subscore of 13.56 (SE
0.81). Participants reported pelvic (100%), penis tip
(75%), perineal (66%) and testicle (58%) pain with no
history of other chronic pain. Of the 16 men 7 were
taking medication and none used tricyclics or gaba-
pentinoids.

Brain Activity for Spontaneous Pain in CP/CPPS
Conscious subjective rating of spontaneous fluctua-
tions of CP/CPPS pain during a period of 10 minutes
resulted in the group averaged brain activity shown

in figure 2, A. The brain regions activated, their
coordinates in standard space and magnitude of ac-
tivity are shown in the table. In addition to the pain
of CP/CPPS, this task required attention, motor con-
trol and evaluation of magnitudes. The visual con-
trol task contained all of these same cognitive de-
mands without being related to CP/CPPS pain.
Therefore, the activity for visual control identified
brain areas activated in the task but not related to
CP/CPPS (fig. 2, A). More importantly by contrast-
ing activity between the pain task and visual task
(spontaneous pain – visual), we pinpointed brain
regions where activity was preferentially and, thus,
more specifically, related to the perception of CP/
CPPS pain. This result is shown in figure 2, B, and
included ant INS and secondary somatosensory cor-
tex. The opposite contrast (visual – spontaneous
pain) revealed visual task related activity. Age and
depression scores were used as covariates of no in-
terest (eg confounding variables) in all functional
analyses.

To determine the clinical relevance of these find-
ings, average brain activity from regions preferen-
tially involved in CP/CPPS pain were extracted and
correlated with predetermined clinical variables.
Ant INS activity was significantly positively corre-
lated with self-reported spontaneous pelvic pain in-
tensity (r ! 0.57, p "0.05; fig. 3, A), indicating that
brain activity characterizing the spontaneous pain
experienced by men with CP/CPPS was related to

Figure 1. Spontaneous pain rating task in patients with CP/
CPPS. A, patients used finger-span logging device to continu-
ously rate fluctuations in spontaneous pelvic pain (in absence of
external stimulus) on scale from 0 to 10 by opening and closing
fingers. B, inside scanner patients received feedback of pain
ratings in real time, presented as visual bar projected onto
screen that fluctuated on scale from 0 to 10. C, examples of
spontaneous pain ratings from 3 patients with CP/CPPS. Individ-
ual patients exhibited distinct overall pain magnitudes and vary-
ing levels of fluctuations around mean spontaneous pain. Rat-
ings were used as explanatory variables in fMRI analyses to
identify related brain activity.

Figure 2. Group brain activity maps for spontaneous pain and
visual rating tasks in CP/CPPS. A, group average brain activity
for spontaneous pain rating task and for visual rating task. B,
contrast between pain and visual tasks shows areas that were
more specifically active during spontaneous pain of CP/CPPS
(red-yellow), and included right anterior insula and parietal re-
gions. Regions with higher activity during visual task (visual –
pain) are shown as negative activity (blue-green).
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Spontaneous low-frequency BOLD fluctuations

Kutch et al., In Review
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Right anterior insula

Thalamus
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RESULTS
Heartbeat detection, interoceptive awareness and emotion
Seventeen subjects were scanned while performing an interoceptive
heartbeat detection task (in which they judged the timing of their
own heartbeat relative to feedback notes), interleaved with trials of an
exteroceptive control task (judging only note quality). The study
involved a fully balanced factorial design (see Methods and Fig. 1).

Judgment accuracy in heartbeat detection varied between chance
(46%) and 83% (mean 62%, s.d. 9%). At debriefing, all subjects
reported that they shifted attention appropriately to their heartbeat
timing during interoceptive HEART trials and to note quality during
exteroceptive NOTE trials. Two subjects reported guessing during
interoceptive trials, whereas four subjects were confident that they
performed the interoceptive task accurately. Remaining subjects felt
they performed above chance and, overall, estimated performance
reflected achieved scores. Performance on the exteroceptive task
(NOTE trials) matched that of the interoceptive heartbeat detection
task in subjective difficulty and performance accuracy (mean 68%,
range 50–88%, s.d. 11%). The trend for subjects to be more successful
on the NOTE relative to HEART trials did not reach significance 
(t32 = 1.8, P = 0.07).

Thirteen subjects returned clinical questionnaires indexing symp-
toms of anxiety38, depression39 and positive and negative affective
experience (PANAS score40; see Methods). All scored below diagnostic
criteria for anxiety and depressive disorder. Across subjects, anxiety
score correlated with interoceptive accuracy during scanning (relative
to exteroceptive accuracy, to control for non-specific performance

effects during scanning; Pearson R = 0.64, P < 0.05). Relative intero-
ceptive accuracy tended to correlate with depressive symptoms 
(R = 0.48, P = 0.09) and trait ratings of negative affective experience 
(R = 0.51, P = 0.08). Trends in correlation between interoceptive accu-
racy and negative emotions remained even when nonspecific perform-
ance effects during scanning were ignored (number of correct HEART
trials and anxiety score, R = 0.513, P = 0.075; correct HEART trials and
depression score, R = 0.481, P = 0.096). Anxiety symptoms correlated
strongly with both depression (R = 0.82, P < 0.01) and negative affect
(trait) scores (R = 0.76, P < 0.01). No correlations were observed
between heartbeat detection and ‘state’ PANAS score or scores of posi-
tive emotional experience (R = –0.01, P = 0.76).

Twenty-five subjects, who participated in a morphometric study,
completed a body perception questionnaire41, which consisted of five
subtests relating to stress and perception of bodily responses. Scores
were consistent with normative data, with subjects scoring slightly
below average on the “awareness of bodily processes” subtest (mean 
± s.d, 2.5 ± 0.5, normative score 3.0 ± 0.8)41. Interestingly, we found
no correlation between heartbeat detection accuracy and subtests of
the body perception questionnaire, including the awareness score.

Functional imaging data
Neuroimaging data was analyzed to determine significant group
effects (see Methods). Interoceptive (heartbeat detection), compared
to exteroceptive attention (note detection), was associated with
enhanced activity in bilateral regions of lateral somatomotor cortex,
anterior insula and inferior frontal cortex. Activity in dorsal anterior
cingulate cortex and supplementary motor cortex was also enhanced
during interoceptive attention (P < 0.02 corrected; Table 1a and
Fig. 2a). In contrast, regions of occipital cortex showed decreased
activity during attention to heartbeat.

Perceptual matching of feedback to interoceptive responses is criti-
cal for accurate performance of the heartbeat detection task. We
observed no significant main effect of feedback delay. Nevertheless,
activity in frontal operculum and insula, dorsal and medial parietal
lobe, right dorsolateral prefrontal cortex, dorsal cingulate and lateral
temporal cortices reflected an interaction between feedback delay and
attentional focus (P < 0.02, corrected; Table 2 and Fig. 2b). Activity in
these regions showed a greater difference between delay trials and
synchronous trials during interoceptive attention. Using a masking

Figure 1  Task design. (a) Experimental setup. The pulse waveform,
recorded using pulse oximetry, triggered an auditory feedback note, with or
without addition of a 500-ms delay for that trial. Also, on half the trials,
one of the ten feedback notes was a different pitch. (b) Eight trial types
were presented randomly, reflecting the subjects’ attentional focus, the
presence or absence of a delay (delay trials are represented here by three
dots between pulse waveform and note) and the presence or absence of a
modulated note (illustrated in grey). The figure shows two trials. In the first
example, the appearance of the word HEART signals trial onset: a subject
attends to his own heartbeat and indicates at the end of the trial whether
feedback was synchronous or delayed. Ten notes were then played to the
subject, triggered by pulses, before the subject was prompted to make the
response judgment. The presence or absence of a modulated feedback note
was irrelevant to HEART trials. In the adjacent example, a NOTE trial, the
subject attends to the quality of the feedback notes, and signals at the end
whether the notes were all the same (yes) or if one was different (no). The
presence or absence of feedback delay was irrelevant to NOTE trials. 
(c) The study represented a 2×2×2 factorial design, the principal factors
being attention to heartbeat or note quality (cued at trial onset), and
presence or absence of a modulated note and of feedback delay. The
modulation of feedback timing and note is illustrated in the box. 

Table 1  Activity related to interoception and feedback delay

a Enhanced activity during heartbeat detection
Location Side Coordinates t-value
Inferior parietal lobule/ L –58,–32,38 5.71

post central gyrus
Lateral somatomotor cortex

R 54,–22,28 5.00
R 60,–18,32 4.83

Insula/operculum R 32,16,10 5.52
Insula cortex R 62,18,6 4.70

L –44,12,–4 4.54
R 56,14,4 4.66

Inferior frontal gyrus L –48,32,4 4.73
Inferior frontal gyrus R 54,44,2 4.07
Supplementary motor area L –10,–18,70 4.63
Anterior cingulate R 6,–2,48 4.13

b Decreased activity during heartbeat detection
Location Side Coordinates t-value
Striate/extrastriate cortices L –16,–66,2 4.64
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procedure, we tested whether the same region of right anterior insu-
lar/opercular cortex expressed both the main effect of interoceptive
attention and interaction between interoception and feedback. We
found that activity here was driven primarily by differences during
delay trials between interoceptive versus exteroceptive attention,
reflecting mismatch between heartbeat and feedback when attention
was focused internally. The same feedback mismatch suppressed right
anterior insula activity when attention was externally directed to
tones, indicating that activity in this region is modulated as a function
of interoceptive or exteroceptive attention (Fig. 2c).

Having highlighted regions modulated by interoceptive attention,
we tested for activity mediating interoceptive awareness, correlating
with performance of the heartbeat detection task. We undertook a
group analysis that modeled performance accuracy on heartbeat and
note detection tasks as, respectively, a regressor-of-interest and con-
founding covariate (see Methods). Within regions where activity was
enhanced by interoceptive attention, activity in right anterior insu-
lar/opercular cortex showed the strongest relationship with intero-
ceptive accuracy (34, 20, 4; t = 3.09, P < 0.02 corrected for small
volume; Fig. 3a). Activity within this region during heartbeat detec-
tion trials correlated strongly with interoceptive accuracy (relative to
exteroceptive accuracy) (R = 0.62, Fig. 3b).

The theoretical relationship between interoceptive awareness and
emotional feeling states was reinforced by the observation that sub-
jective anxiety symptoms38, correlating with relative interoceptive
accuracy (Fig. 3c), also correlated with mean activity in right anterior
insular/opercular cortex (R = 0.65, P < 0.05) during heartbeat detec-
tion trials (Fig. 3d). Together, these functional imaging findings high-
light anterior insula cortex, somatomotor cortex and anterior
cingulate in supporting interoceptive attention, with right anterior
insular/opercular activity reflecting interoceptive sensitivity, explicit
awareness of bodily processes and emotional feeling states.

Morphometric analyses
We next used voxel-based morphometry (see Methods) to test for a
relationship between brain structure (regional gray matter volume)
and interoceptive awareness (relative accuracy on the heartbeat detec-
tion task). Detailed structural brain images were obtained for 15 of 17
participants in the functional imaging task. We found that gray mat-
ter volume in right anterior insula/operculum (33, 28, 13, t = 11.8),
orbitofrontal cortex and midline cerebellum correlated with relative
interoceptive accuracy (Fig. 4a,b).

In an extended group of healthy individuals (n = 25), we tested the
relationship between regional brain morphometry and scores on the
awareness subtest score of the body perception questionnaire41. This
subtest requires subjects to rate awareness of visceral responses on a

Table 2  Activity reflecting interaction between attention to
heartbeat and feedback delay

Heartbeat (delay > no delay) > Note (delay > no delay)
Location Side Coordinates t-value
Medial parietal lobe/precuneus R 10,–60,46 6.55
Superior parietal lobule

R 26,–50,58 4.97
L –36,–64,42 4.44

Anterior insula/frontal operculum R 38,18,10 5.05
Posterior insula R 48,2,–6 4.41
Dorsolateral prefrontal cortex L –36,40,36 4.59

R 36,26,26 4.33
Inferior frontal gyrus L –40,22,20 4.58
Occipital cortices R 30,–80,22 4.85
Middle temporal gyrus L –56,–48,0 4.82
Superior temporal sulcus R 58,–30,0 4.67
Dorsal anterior cingulate – 6,18,34 4.23

Figure 2  Activity relating to interoceptive
attention (second-level random effects analysis
of 17 subjects, P < 0.02 corrected). (a) Main
effect of interoceptive attention. Regional
enhancement of brain activity during HEART
trials, requiring interoceptive attention,
compared to control NOTE trials. Group activity
is plotted on horizontal sections of a normalized
template brain to illustrate activation in bilateral
anterior insula (Ins), lateral somatomotor and
adjacent parietal cortices (Sm), anterior
cingulate (ACC) and supplementary motor
cortices (SMA). Also indicated are right (R) and
left (L), and height (mm) of each of axial slice.
(b) Activity reflecting interaction between
feedback delay relative to heartbeat and
interoceptive focus. Group activity is plotted on
orthogonal sections of a template image to
illustrate opercular (FO), anterior cingulate
(ACC), medial parietal (MP) and thalamic activity
(th) associated with contextual processing of
feedback relative to interoceptive information 
(P < 0.02, corrected). Left (L) is indicated on
coronal and axial sections. (c) Glass brain
projection of activity identified in group analyses
of both the main effect of interoceptive
attention, and in interaction between interoceptive attention and feedback delay. An inclusive mask of the main effect (P < 0.02, corrected was used to
constrain analysis of the interaction. The peak conjoint activity in right anterior insula/opercular cortex is marked, and the parameter estimates (with 90%
confidence intervals) plotted. In this figure, and subsequent plots of neuorimaging data, units are given in arbitrary units adjusted for confounding effects.
For fMRI data, units are proportional to percentage signal change. Interoceptive effects are represented by the bars on the left, with synchronous trial
effects in blue and delayed trial effects in orange. 
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One ignorable peripheral 
oscillation (heartbeat)



Biomechanics to Brain Pain
Importance of neuromechanical thinking

Brain

without neuromech.: first 
thought is pathological brain

with neuromech.: first
thought is driving 
peripheral oscillations

Body



Part 1: 
Peripheral fluctuations from 

muscle redundancy



Muscle redundancy



Muscle redundancy
Muscle redundancy can 
be viewed geometrically
as the intersection of 
hyperplanes and 
hypercubes



Muscle redundancy

Kutch & Valero-Cuevas, 2011



Muscle redundancy

tension in each cord, which was fed back to the motor so that a desired amount of
tension could be maintained on each tendon. The fingertip was rigidly attached to
6 DOF load cell (JR3, Woodland, CA).

We examined 5 different postures in 3 specimens, and 3 different postures in
the final specimen. Each posture was neutral in add-abduction. The examined
postures were chosen to cover the workspace and simulate those found in
everyday tasks. After positioning the finger in a specific posture, we determined
the action matrix for the finger: we applied 128 combinations of tendon tensions
representing all possible combinations of 0 and 10 N across the seven tendons, and
held each combination for 3 s. The fingertip forces resulting from each coordina-
tion pattern was determined by averaging the fingertip load cell readings across
the hold period. Linear regression was performed on each fingertip force
component using the tendon tensions as factors. In this way, the fingertip force
vector generated by 1 N of tendon tension was determined for all muscles. The
force vector generated by each muscle was scaled by an estimate for maximum
muscle force (Valero-Cuevas et al., 2000) to generate the columns of the action
matrix for each specimen and posture examined.

2.2. Action matrix for human leg model

We also studied the necessity of muscles for mechanical output for a
simplified, but plausible, sagittal plane model of the human leg (hip, knee, and
ankle joints). The model contained 14 muscles/muscle groups (Kuo and Zajac,
1993) (muscle/muscle group abbreviation in parentheses): medial and lateral
gastrocnemius (gastroc), soleus (soleus), tibialis posterior (tibpost), peroneus
brevis (perbrev), tibialis anterior (tibant), semimembranoseus/semitendenosis/
biceps femoris long head (hamstring), biceps femoris short head (bfsh), rectus
femoris (rectfem), gluteus medialis/glueteus minimus (glmed/min), adductor

longus (addlong), iliacus (iliacus), tensor facia lata (tensfl), gluteus maximus
(glmax). Moment arms for hip flexion, knee flexion and ankle dorsiflexion for all
of these muscles were obtained from a computer model of the lower limb (Arnold
et al., 2010). When necessary, multiple muscles in were combined into the single
muscle groups. We derived a 3!3 square Jacobian mapping changes in the hip,
knee, and ankle angle to the foot position in the plane (2 components) and the
orientation of the foot in space. This Jacobian matrix, inverted and transposed, was
combined with the moment arms and maximal muscle forces to form the action
matrix mapping muscle activation to forces and torques at the foot (Valero-
Cuevas, 2005b), although our analysis of muscle redundancy was only performed
with respect to the endpoint forces.

2.3. Analyzing the action matrix to determine muscle necessity

We used the action matrix to determine whether muscles are necessary
for a given desired output force using standard tools in computational geometry.
The muscle redundancy problem can be expressed as a set of linear inequalities
(Chao and An, 1978; Spoor, 1983). These inequality constraints enforce that the
activation for each muscle lie between 0 and 1, and that the actual output force is
equal to the desired force. The inequality constraints define a region in muscle
activation space called the task-specific activation set: any point inside that set will
produce the desired output force (Kuo and Zajac, 1993; Valero-Cuevas, 2005b;
Valero-Cuevas et al., 2000, 1998). We computed the vertices defining the task-
specific activation set using a vertex enumeration algorithm (Avis and Fukuda,
1992). We then found the task-specific activation ranges to achieve the desired
output force for each muscle by projecting all vertices onto the seven muscle
coordinate axes to determine the minimum and maximum task-specific activations.
While previous studies have used similar experimental (Valero-Cuevas et al., 2000)

Muscles cooperate
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Feasible force set,
one target force vector
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task-specific activation set
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Fig. 1. Three muscle ‘‘schematic model’’ conceptually illustrates the necessity of muscles. (a) Muscles can be functionally visualized as force vectors at the endpoint. (b) A
region of force space, the feasible force set, is achievable given this musculature. A particular target force vector can be decomposed into a target x-force and a target
y-force. (c) The valid coordination patterns for the x and y targets can also be viewed in muscle activation space as planes; the portion of the intersection of these two
planes that is inside the unit cube is the task-specific activation set. Any point on the task-specific activation set will generate the same target force vector. (d) The task-
specific activation set can be projected onto the muscle coordinate axes, revealing the minimum and maximum activation in each muscle for the given applied force vector.
The task-specific activation ranges can be constructed for each muscle, and reveal which muscles are necessary and which are redundant for a given target force vector.
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and computational (Valero-Cuevas et al., 1998) techniques, our study is novel in
that it the first to demonstrate how computational geometry can be combined with
experimental results to determine which muscles are required to achieve particular
feasible outputs.

There are several metrics by which the importance of different muscles could
be compared, including the area or volume reduction in the feasible force set
subsequent to muscle dysfunction. In addition to computing volume reduction, we
also examined a more conservative estimate of muscle necessity by calculating the
worst deficit (WD) that would occur in any force direction if a particular muscle
was lost. For example, if WDFPI!0.95, there is some force direction in which 95%
of force producing capability would be lost if the FPI muscle dysfunctioned.

3. Results

We use a ‘‘schematic model’’ of a two-link arm with three
idealized muscles (Fig. 1a) to build intuition about our results
without loss of generality. For the posture shown, muscle 1
extends both the shoulder and elbow, and exerts positive x-force
and negative y-force at the endpoint. Muscle 2 flexes both the
shoulder and elbow, and exerts negative x-force and positive
y-force. Muscle 3 extends the shoulder and flexes the elbow, and
exerts negative x-force and negative y-force at the endpoint. The
set of all possible forces that can be achieved with these three
muscles is the feasible force set (Fig. 1b, (Valero-Cuevas, 2005b)).
Achieving a particular target force vector within the feasible force
set can be viewed as achieving a particular target x-force and a
target y-force (Fig. 1b). The muscle activation patterns that
produce the target x-force and the target y-force have the
geometric interpretation of being planes in muscle activation

space (Fig. 1c). The intersection of these two planes that is within
the unit cube (all activations between 0 and 1) is the task-specific
activation set for the target force vector. Its extreme points are
vertices (Fig. 1c) that can readily be computed, and any feasible
coordination pattern must lie between these vertices. Displaying
the task-specific activation ranges for all muscles (Fig. 1d) allows
the easy visualization of muscles that are necessary and redun-
dant for a given output: muscles whose minimum task-specific
activation is zero are redundant for the given output (muscle 2 in
this example), whereas muscles whose minimum task-specific
activation range is greater than zero are necessary for the given
output (muscles 1 and 3 in this example).

We find that whether a muscle is necessary for a particular static
force cannot be easily predicted from its anatomical layout, but
arises from functional interactions among muscles, skeletal struc-
ture, and task constraints. For example, the human first dorsal
interosseous (FDI) is widely believed to be the primary muscle used
for abduction of the metacarpophalangeal joint (Flament et al.,
1993; Infantolino and Challis, 2010); consequently, it would be
not be surprising that this muscle would be required for abduction
(radial force) tasks. In accord with experimental studies showing
substantial activity from muscles other than the FDI during abduc-
tion (Kutch et al., 2008; Keenan et al., 2006), muscle necessity
depends on the how tightly fingertip force direction was con-
strained. Using the same analysis as for the toy model, we find the
7-dimensional task-specific activation set from data measured in a
cadaveric index finger in a functionally important precision pinch
task (approximating ‘‘key pinch’’) (Hentz and Leclercq, 2002) (Fig. 2).

Fig. 2. Muscle necessity depends on the nature of the task constraints. (a) Experimental setup. Computer controlled motors produce specified amounts of tension to the
tendons of all seven index finger muscles in a cadaver hand specimen, generating finger movement and/or fingertip force. (b) The approximate anatomical location of these
tendons is shown, along with the fingertip force vector produced by applying 1 N of tension to each tendon individually. (c) The necessity of index finger muscles for a
precision pinch task (approximating the index finger in ‘‘key pinch’’) was analyzed for one representative specimen in the posture shown. When the task required 50% of
the maximum possible radial force, no muscle was necessary as any could have zero activation for this task. (d) However, when the task required the same amount of
radial force but with zero dorsal force (more stringent task), the FDS, FDI and FPI became necessary. The CNS would not be able to adapt and find a coordination pattern
satisfying these constraints if any of these muscles is lost. (e) The task constraints are particularly stringent when the same amount of radial force is required to be well-
directed (zero dorsal and distal force). The FDP, FDS, LUM, FDI, and FPI are all necessary to achieve this task. Interestingly, the EI, EDC, and FDS muscles must be nearly
inactive, suggesting that the CNS would not be able to adapt and achieve the task if either of these muscles was hyperactive.
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When requiring 50% of maximum possible radial (abduction) force
magnitude without specifying the exact direction of the force vector,
no muscle is necessary (Fig. 2c). However, if the force vector is
limited to having no dorsal component, FDS, FDI, and FPI become
necessary: if anyone is lost there is no longer a feasible solution
(Fig. 2d). If the force vector direction is further constrained to a pure
radial direction, several muscles became necessary with narrow
task-specific activation ranges (Fig. 2e).

Muscle necessity generalizes to other fingertip force magnitudes
and directions in the plane of finger flexion–extension (i.e., sagittal
plane). The force vectors produced by each muscle are broadly
distributed in this plane (Fig. 3a), and their feasible force set shows
the finger is stronger in flexion than extension, as expected from
everyday experience (Fig. 3b). We find a region of force magnitudes
and directions surrounding the fingertip for which no muscle is
necessary: i.e., it is robust to the loss of any one muscle (Fig. 3c).
Surprisingly, however, this region is quite small (8% of the 2D
feasible force set area for this specimen and posture), as most of the
feasible force set (92%) is vulnerable to the loss of any one muscle
(Fig. 3c). Across other specimens and postures studied, the 2D robust
region ranged from 6% to 23% of the feasible force set (average 14%).
Other regions are vulnerable to the loss of only 1 muscle (Fig. 4d), or
vulnerable to the loss of 2 muscles (Fig. 3e). In general, the number
of muscles to which a region is vulnerable increases with force
magnitude because the solution space approaches uniqueness at the
boundary of the feasible force set (Fig. 3f (Valero-Cuevas, 2005b;
Valero-Cuevas et al., 1998)).

We tested whether small robust regions resulted from the
specific maximal force we assigned to each muscle – an assumption
in our analysis – that were derived from estimates of physiological
cross-sectional area (Valero-Cuevas et al., 2000). We performed a
Monte Carlo simulation to calculate the robust region when varying
the maximal muscle force estimate for each muscle stochastically by
up to 725%. Upon convergence, we find that the robust region is

consistently small for all specimens and postures examined never
exceeding 27% of the 2D feasible force set.

We extended our numerical analysis to the full 3D feasible
force sets to calculate the volume of the robust region as a
fraction of the total volume of feasible forces. We find even
smaller robust regions in 3D than in the 2D sagittal plane analysis.
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The volume of the robust three-dimensional region was at most
5% of the feasible force set volume (95% was vulnerable to muscle
loss), with an average of 2% across the specimens and postures
examined.

There are clear differences among muscles in relative impor-
tance to force production (Fig. 4). The FPI was found to be the
most necessary muscle across specimens, postures, and force
directions. For example in one specimen and posture, the loss of
the FPI resulted in a 96% force deficit. While the LUM muscle was
found to be the least necessary muscle on average, there was still
a specimen and posture for which loss of the LUM muscle resulted
in a 83% force deficit. Even a conservative non-parametric compar-
ison across all specimens, postures, and force directions shows a
clear rank ordering (Fig. 4).

Analysis for a simulated planar human leg with 14 muscle
groups in the sagittal plane (Fig. 5) shows similar results. This
model predicts that the region of robustness is approximately 16%
of the feasible force set area (Fig. 5d). As with the finger, there are
regions of feasible force vulnerable to only one muscle/muscle
group: hamstring, vasti, rectfem, and gastroc groups (Fig. 5e).

4. Discussion

Muscle redundancy, as a problem of muscle coordination
pattern selection, has been central to motor control for several
decades. Our experimental and computational work clearly shows
muscle redundancy affords very little robustness to muscle dysfunc-
tion in both fingers and limbs. Therefore, a thorough analysis of
robustness should be part of testing theories of muscle coordination.
After discussing clarifications and limitations, we point out areas in
biomechanics and neural control for which this refined view of
muscle redundancy provides insight.

We first note some clarifications and limitations. The tension
applied to the cadaveric fingers remained less than 10 N to avoid
tendon tearing. While this assumption could affect the quantita-
tive predictions of our results at the extremes of feasible force, it

is unlikely that potential nonlinear effects – such as bowing,
stretching, or deformation of the tendons or ligaments, or seating
of joints in response to changes in muscle force – would change
the fundamental conclusion that mechanical interactions make
some muscles necessary for low and high endpoint forces. One
assumption we had to make is the relative strengths of the
muscles. The specific maximal force a muscle can produce can
only be approximated given the uncertainties in physiological
cross-sectional areas, pennation angles, etc. (Zajac, 1989), espe-
cially for hand muscles like the FDS (Agee et al., 1991). However,
our Monte Carlo sensitivity analysis (Valero-Cuevas et al., 2009a)
shows this assumption cannot undermine our results. Lastly, we
assumed independence of muscle activation, and for the sake of
brevity only present the analysis of muscle necessity to loss of
single muscles. These two choices, in fact, lead to best-case,
conservative estimates of robustness that strengthen our conclu-
sions. Further reduction in force output due to simultaneous
deficits in more than one muscle, or neural coupling between
muscles, can only be equal or greater.

For the sake of simplicity, we primarily addressed robustness
to complete muscle dysfunction in this article; limb force produc-
tion will be more robust if muscles only become weaker, and do
not dysfunction completely. However, our results already begin to
address muscle weakness. For the index finger to produce 50%
maximal radial force with no dorsal force (Fig. 2d), both the FDS
and FDI cannot completely dysfunction. However, the FDS need
only produce about 5% of its maximal force, whereas the FDI
needs to produce nearly 50% of is maximal force. Therefore, this
task is more robust to weakness in the FDS than the FDI. Our
approach enables future studies that completely describe the
robustness of different tasks to muscle weakness.

Another limitation of our work is that it currently applies only
to the generation of static endpoint forces. However, our pre-
liminary expectation is that future studies will find that individual
muscles are also necessary for particular movement trajectories. The
limb equations of motion relate the joint kinematics to the joint
torques. Inverse dynamics would predict the joint torques given
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Fig. 5. The ability of the leg to produce forces is also vulnerable to muscle loss. (a) The leg model that we analyzed had 14 muscle groups, only 8 of which are shown for
clarity. (b) These muscles could also be visualized as action vectors in endpoint force space. Each muscle has an action vector, but only the dominant action vectors are
shown for clarity. (c) These action vectors generate a feasible force set, showing that the leg is particularly strong in generating downward force. (d) The robust and
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leg model predicts that certain regions of the feasible force set will be vulnerable to the loss of only one muscle. Regions also exist for the leg model in which only two
muscles are necessary, etc., but are not shown for clarity.
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and computational (Valero-Cuevas et al., 1998) techniques, our study is novel in
that it the first to demonstrate how computational geometry can be combined with
experimental results to determine which muscles are required to achieve particular
feasible outputs.

There are several metrics by which the importance of different muscles could
be compared, including the area or volume reduction in the feasible force set
subsequent to muscle dysfunction. In addition to computing volume reduction, we
also examined a more conservative estimate of muscle necessity by calculating the
worst deficit (WD) that would occur in any force direction if a particular muscle
was lost. For example, if WDFPI!0.95, there is some force direction in which 95%
of force producing capability would be lost if the FPI muscle dysfunctioned.

3. Results

We use a ‘‘schematic model’’ of a two-link arm with three
idealized muscles (Fig. 1a) to build intuition about our results
without loss of generality. For the posture shown, muscle 1
extends both the shoulder and elbow, and exerts positive x-force
and negative y-force at the endpoint. Muscle 2 flexes both the
shoulder and elbow, and exerts negative x-force and positive
y-force. Muscle 3 extends the shoulder and flexes the elbow, and
exerts negative x-force and negative y-force at the endpoint. The
set of all possible forces that can be achieved with these three
muscles is the feasible force set (Fig. 1b, (Valero-Cuevas, 2005b)).
Achieving a particular target force vector within the feasible force
set can be viewed as achieving a particular target x-force and a
target y-force (Fig. 1b). The muscle activation patterns that
produce the target x-force and the target y-force have the
geometric interpretation of being planes in muscle activation

space (Fig. 1c). The intersection of these two planes that is within
the unit cube (all activations between 0 and 1) is the task-specific
activation set for the target force vector. Its extreme points are
vertices (Fig. 1c) that can readily be computed, and any feasible
coordination pattern must lie between these vertices. Displaying
the task-specific activation ranges for all muscles (Fig. 1d) allows
the easy visualization of muscles that are necessary and redun-
dant for a given output: muscles whose minimum task-specific
activation is zero are redundant for the given output (muscle 2 in
this example), whereas muscles whose minimum task-specific
activation range is greater than zero are necessary for the given
output (muscles 1 and 3 in this example).

We find that whether a muscle is necessary for a particular static
force cannot be easily predicted from its anatomical layout, but
arises from functional interactions among muscles, skeletal struc-
ture, and task constraints. For example, the human first dorsal
interosseous (FDI) is widely believed to be the primary muscle used
for abduction of the metacarpophalangeal joint (Flament et al.,
1993; Infantolino and Challis, 2010); consequently, it would be
not be surprising that this muscle would be required for abduction
(radial force) tasks. In accord with experimental studies showing
substantial activity from muscles other than the FDI during abduc-
tion (Kutch et al., 2008; Keenan et al., 2006), muscle necessity
depends on the how tightly fingertip force direction was con-
strained. Using the same analysis as for the toy model, we find the
7-dimensional task-specific activation set from data measured in a
cadaveric index finger in a functionally important precision pinch
task (approximating ‘‘key pinch’’) (Hentz and Leclercq, 2002) (Fig. 2).

Fig. 2. Muscle necessity depends on the nature of the task constraints. (a) Experimental setup. Computer controlled motors produce specified amounts of tension to the
tendons of all seven index finger muscles in a cadaver hand specimen, generating finger movement and/or fingertip force. (b) The approximate anatomical location of these
tendons is shown, along with the fingertip force vector produced by applying 1 N of tension to each tendon individually. (c) The necessity of index finger muscles for a
precision pinch task (approximating the index finger in ‘‘key pinch’’) was analyzed for one representative specimen in the posture shown. When the task required 50% of
the maximum possible radial force, no muscle was necessary as any could have zero activation for this task. (d) However, when the task required the same amount of
radial force but with zero dorsal force (more stringent task), the FDS, FDI and FPI became necessary. The CNS would not be able to adapt and find a coordination pattern
satisfying these constraints if any of these muscles is lost. (e) The task constraints are particularly stringent when the same amount of radial force is required to be well-
directed (zero dorsal and distal force). The FDP, FDS, LUM, FDI, and FPI are all necessary to achieve this task. Interestingly, the EI, EDC, and FDS muscles must be nearly
inactive, suggesting that the CNS would not be able to adapt and achieve the task if either of these muscles was hyperactive.
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segment of the pool (Fleshman et al. 198 la; Harrison and Taylor 
198 1; Mendell and Henneman 197 1; Munson et al. 1984; Sypert 
et al. 1980). Although the distribution of effective synaptic 
current may vary from one type of input to another (Heckman 
and Binder 1990; Lindsay and Binder 199 1)) it was assumed that 
the sum of these inputs would provide, on average, a roughly uni- 
form distribution across the population of motoneurons. There- 
fore all motoneurons were modeled to receive the same level of 
excitatory drive. 

Relative excitabilities of motoneurons. Motoneurons are nor- 
mally recruited in a fixed order (Henneman 1957; Henneman et 
al. 1965a,b). This orderliness is likely due, in part, to systematic 
differences in the excitabilities of the motoneurons. Broad varia- 
tion ( lo- to 30-fold) in rheobase (Fleshman et al. 198 1 b; Gustafs- 
son and Pinter 1984; Powers and Binder 1985; Zengel et al. 1985) 
and in the threshold current for repetitive discharge (Kernel1 and 
Monster 198 1) has been observed among the motoneurons of a 
pool. The frequency distribution of motoneurons based on rheo- 
base is skewed such that many motoneurons have low rheobase 
and relatively few motoneurons have high rheobase (Gustafsson 
and Pinter 1984; Powers and Binder 1985 ) . Therefore the values 
of recruitment threshold excitation (RTE) were varied across the 
members of the modeled pool to give many neurons low thresh- 
olds, and relatively few motoneurons were assigned high thresh- 
olds. This type of variation was modeled as an exponential in the 
form 

RTE(i) = eaei (1) 

where i was an index identifying the motoneuron and a was a 
coefficient used to establish a range of threshold values. This was 
facilitated by setting a = (In RR)/ ~2, where In was the natural 
logarithm, RR was the range of recruitment threshold values de- 
sired, and YI was the total number of neurons in the modeled pool. 
For example, to set the range of recruitment thresholds at 30-fold 
in a pool of y2 = 120 motoneurons, the coefficient a was computed 
from a = In 30/ 120. Then implementing Eq. 1, the recruitment 
threshold of the 1 st (R TE, ) and 120th (R TE,& neurons would be 
1 .O and 30.0, respectively, and >50% of the pool would have re- 
cruitment threshold values ~6.0. The units of measure for RTE, 
like that for excitatory drive, were in arbitrary units. 

A motoneuron, i, remained inactive as long as the excitatory 
drive, E(t), was less than the neurons assigned recruitment thresh- 
old value. The time of the first discharge (recruitment) in the ith 
neuron ( tj,l ) occurred when the excitatory drive first equaled or 
exceeded the neuron’s threshold value. 
RATE CODING. The repetitive discharge behavior of motoneu- 
rons was characterized by four parameters: 1) the minimum 
steady firing rate, 2) the excitatory drive-firing rate relationship, 
3) the peak firing rate, and 4) the variability in the interspike 
intervals (ISIS) under steady-state excitation. 

Minimum firing rate. Studies using intracellular current injec- 
tion have shown an inverse relationship between the minimum 
firing rate of motoneurons and afterhyperpolarization (AHP) du- 
ration (Kernel1 1965~). AHP duration is inversely related to moto- 
neuron rheobase (Gustafsson and Pinter 1984)) which suggests, 
therefore, that motoneurons with low recruitment thresholds will 
have lower minimum firing rates than higher threshold motoneu- 
rons. However, during voluntary muscle activity in humans, min- 
imum firing rates are similar for all motor units in a muscle, regard- 
less of recruitment threshold (De Luca et al. 1982; Freund et al. 
1975; Milner-Brown et al. 1973~; Monster and Chan 1977; Tanji 
and Kato 1973). This intriguing discrepancy between current-in- 
jected and voluntarily activated motoneurons implies that factors 
other than intrinsic motoneuron properties may be important in 
regulating minimum firing rate (Brownstone 1989). In the model, 
once a motoneuron was recruited and if excitatory drive was 

maintained at the recruitment threshold level, it discharged at the 
minimum firing rate (MFR). The minimum firing rate was the 
same for all motoneurons and assigned a value of 8 imp/s. 

Excitatory drive-firing rate relationship. The relationship be- 
tween the steady-state level of injected current and the firing rate 
of motoneurons appears to be best characterized as a single (pri- 
mary range), linear function (Kernel1 1965b; Schwindt and Crill 
1984). The gain of the current-firing rate relationship appears to 
be uncorrelated with indexes related to the recruitment threshold 
of motoneurons (Kernel1 1965a, 1979). At high levels of current, 
a secondary range of firing is occasionally observed in which the 
gain is augmented (Kernel1 1965b). However, many motoneu- 
rons do not display secondary range firing (Brownstone 1989; 
Granit et al. 1966; Kernel1 1965b, 1979) and therefore it was not 
included in the present model. 

The firing rate of a motoneuron (FRi ) was modeled to increase 
linearly with increased excitatory drive above the recruitment 
threshold excitation (RTE, ). The gain (g,) of the excitatory 
drive-firing rate relationship was assigned the same value for all 
motoneurons. Thus the firing rate response of a motoneuron to an 
excitatory drive function, E(t), was modeled as 

FRi(t) = 9,*[E(t) - RTEi] + MFR E(t) 2 RTEi (2) 

Equation 2 was rewritten by considering the instantaneous firing 
rate to be the inverse of the IS1 and where the IS1 was the time 
difference between two consecutive discharges 

1 

( tij - tij-l > 

= ge* [E(t) - RTEi) + MFR E(t) 2 RTEi (3) 

The time of thejth discharge in motoneuron i( tij), for an excit- 
atory drive function E(t), could therefore be expressed as 

1 tij = 
gp*[E(t) - RTEi] + MFR 

+ tij-1 E(t) 2 RTEi (4) 

Equation 4 was solved by substituting the value of E for incremen- 
tal increases in t until an equivalence between the two sides of the 
equation was achieved. Repetition of this process allowed for the 
determination of all the discharge occurrences over the simulation 
period in each of the modeled motoneurons. At this stage, variabil- 
ity in the ISIS had not been added; the manner in which this was 
done is discussed in a later section. 

Peak firing rates. Firing rates in motoneurons increase with 
increased excitatory drive up to a certain level, beyond which little 
change in firing rate is observed. This plateau in firing rate is seen 
in cat motoneurons activated with current injection (Brownstone 
1989) activated by reflex pathways (Burke 1968; Cordo and 
Rymer 1982; Granit 1958), and during locomotion (Hoffer et al. 
1987) ; and in human motor units during voluntary contractions 
(Gydikov and Kosarov 1974; Monster and Chan 1977). The peak 
firing rates that have been observed in human muscle during non- 
ballistic isometric contractions have generally ranged from 20 to 
45 imp/s (Bellemare et al. 1983; Bigland-Ritchie et al. 1983, 1992; 
De Luca et al. 1982; Freund et al. 1975; Gydikov and Kosarov 
1974; Monster and Chan 1977; Tanji and Kato 1973). 

How peak firing rates are related to the recruitment thresholds 
of motoneurons is, at present, unresolved. The most common 
observation during voluntary activity has been that earlier re- 
cruited motoneurons attain higher peak firing rates than do later 
recruited motoneurons in cats (Hoffer et al. 1987) in monkeys 
(Mellah et al. 1990), and in humans (De Luca et al. 1982; Mon- 
ster and Chan 1977; Tanji and Kato 1973). However, other re- 
ports suggest that when motor-unit activity is monitored over a 
large force range, the firing rates of high-threshold units eventually 
surpass that of lower threshold units (Gydikov and Kosarov 
1974). Both types of firing rate organization were tested. For the 
first type, the peak firing rate (PFR) of a motoneuron was scaled 
in inverse proportion to its recruitment threshold according to 

Ordered recruitment is built-in
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FIG. 5. Simulation results from narrow recruitment-range condition with peak firing rates inversely related to recruit- 
ment threshold. A : schematic diagram showing relation between excitatory drive and firing rate for every 10th motoneuron 
from the 10th (leftmost path) to the 120th (rightmost path). Peak firing rates ranged from 35 imp/s ( unit 1) to 25 imp/s 
(unit 120). B: relationship between surface EMG and excitatory drive. D: relationship between force and excitatory drive. 
Each point plotted represents the average-rectified EMG (B) or average force (C) calculated from a 10-s simulation period at 
each level of steady-state excitation. EMG and force were expressed as percentages of values obtained during the maximum 
excitation condition. The last unit was recruited at 46.9% of maximum excitation (arrows). D: plot of EMG as a function of 
force for each level of excitatory drive. Force at which the last unit was recruited (arrow) was calculated by linear interpola- 
tion to be 42.0% of maximum force. This form of EMG-force relationship is not generally seen experimentally. 

RESULTS 

PFRs inversely related to recruitment threshold 

effected two alterations in the neural input to muscle. It 
caused an increase in the firing rate of active units and re- 
cruited additional units with larger action-potential ampli- 

NARROW RECRUITMENT RANGE. The organization of neural 
tudes and force capacities. For this reason, the EMG in- 

input for the condition where early recruited units attained 
creased steeply with excitation within the recruitment range 

higher firing rates than later recruited units and where re- 
(Fig. 5 B, arrow on abscissa indicates excitation at which 

cruitment operated over a narrow range is depicted in a 
last unit was recruited). Beyond the upper limit of recruit- 

schematic diagram in Fig. 5A. Each trace depicts the 
ment, increases in excitation caused alteration only in firing 

change in firing rate with excitation for individual neurons 
rates. For this reason, EMG increased at a somewhat lower 

(for clarity, only every 10th neuron is shown). For exam- 
rate in the range of excitations above the recruitment limit. 

ple, the 110th neuron (2nd tracefrom the right) remained 
Force also increased progressively within the range of ex- 

inactive until excitation reached -36% of maximum at 
citations where recruitment operated (Fig. 5C) but at a rate 

which time the neuron discharged at a rate of 8 imp/s. 
somewhat lower than the EMG. In this region, units that 

When excitation increased above this recruitment thresh- 
had the capacity for generating large forces were firing at 

old level, the neuron increased its firing rate in a linear way 
low rates. These large force units also had the briefest twitch 

with a slope similar to all other neurons. PFR was attained 
contraction times (Fig. 1 B). Hence these units were operat- 

for the 110th neuron at an excitation of -96% of maxi- 
ing in the low force portion of their force-frequency curves 

mum at which point it no longer responded to further in- 
(Fig. 2). The relatively larger value of EMG compared with 

creases in excitation. The range of PFRs used in this simula- 
force over the recruitment range caused the EMG-force re- 

tion (unit 1 to unit 120) was 35-25 imp/s. Recruitment 
lation for this condition (Fig. 5 D) to have an initial steep 
slope. The steepest portion of the force-excitation curve 

was complete at 46.9% of maximum excitation, and the (Fig. 5C) occurred between 40 and 80% of maximum exci- 
mean firing rate at maximum excitation was 3 1.6 imp/s. tation. The increased firing rate in this range brought many 

Within the recruitment range, an increase in excitation units into the high-gain portion of their force-frequency 
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Motor unit redundancy

suggestion on how to move the brick to superimpose on the frame was
given. The subject responded by pressing one of two keys, “correct”
or “wrong,” by the right or left index finger. A new position of the
“brick” and “frame” in the square pattern and a new suggestion then
appeared. The typing task was performed in the same seated position
on a regular word processor.
The surface EMG signal was detected with an active parallel-bar

(bar size: 1 mm by 10 mm, located 10 mm apart) differential electrode
(DelSys). The electrode was positioned with the medial bar 20 mm
lateral to the midpoint of the line between the C7 spinous process and
the acromion (Jensen et al. 1993). The surface EMG signal was
band-pass filtered at 10–1,000 Hz. The intramuscular EMG signal
was recorded with specialized quadrifilar wire electrodes. These elec-
trodes were constructed by bonding together four 50-mm nylon-coated
platinum wires. The wire bundle was cut transversely, exposing only
the cross section of the wires. The wire bundle was placed in a
27-gauge needle, and a hook was formed at ;1 mm from the exposed
end of the wire. The needle was inserted to a depth of ;10 mm at a
location ;10 mm medial to the midpoint of a line between the C7
spinous process and the acromion. The needle was removed and the
wire bundle remained lodged in the muscle. Three pairs were chosen
as the differential input to the amplifiers. The signals were band-pass
filtered from 1 to 10 kHz. All the EMG signals were stored on an
analog FM tape recorder and were subsequently digitized.
The intramuscular EMG signals were resolved into the individual

motor unit firing trains using the Precision Decomposition technique
(De Luca 1993; LeFever and De Luca 1982). This technique uses
template matching, template updating, firing probabilities, and super-
position resolution to identify the individual firing times of the motor
units with up to 100% accuracy (Mambrito and De Luca 1984). The
firing rates of the motor units were obtained by passing the time series
of the interpulse intervals through a Hanning window and inverting
the output.

R E S U L T S

Three experiments with static contraction, two with mental
concentration and three typing experiments were successful;
i.e., at least two motor units with sustained activity patterns
were identified and thereby had the potential of demonstrating
motor unit substitution.
The results of a static contraction experiment lasting 10 min

are presented in Fig. 1. Figure 1A shows the surface EMG
signal; Fig. 1B shows the firing rates of four motor units that
could be tracked during the complete duration of the isometric
contraction. The insets next to the plots of firing rates present
the templates of the motor unit action potential, as detected in
the three channels of the quadrifilar wire electrode. The tem-
plates were extracted at times marked by asterisks in the firing
rate plots. Note that the templates remained essentially un-
changed during the contraction. This indicates that the elec-
trode has not moved during the contraction and that the same
motor unit is actually being recorded. Any slight movement of
the electrode would produce noticeable changes in the shape of
at least one of the templates. We have noted that with needle
quadrifilar electrode having the same dimension and arrange-
ment, a movement of 0.1 mm causes dramatic changes in the
shape in at least one channel.
Figure 1 provides an interesting example of motor-unit firing

behavior. Although the subject was attempting to maintain the
surface EMG level constant, the amplitude of the surface EMG
fluctuated throughout the contraction. Motor unit 1 has the
lowest recruitment threshold. As the amplitude of the EMG
signal increases slightly, a second motor unit is recruited. At

;100 s into the contraction, an abrupt decrease occurs in the
amplitude of the EMG signal (indicated by the 1st arrow and
vertical dotted line), which was accompanied by a decrease in
the firing rates of motor units 1 and 2, but both recovered
without a cessation of firing. At the 405-s point, there is
another abrupt decrease in the amplitude of the EMG signal
(indicated by the 2nd arrow and vertical dotted line), signifying
a decrease in drive to the motoneuron pool. Motor units 1 and
2 both stop firing. Within a few seconds the excitation has
recovered to the level before the depression, as evidenced by
the subsequent increase of the EMG amplitude, but the two
motor units are not recruited anew. Instead, a third motor unit
is recruited. A little later the EMG level transiently surpasses
the level previous to the decrease, and a short period of activity
is observed for motor unit 1. At 560 s the EMG activity shows
a transient increase followed by a depression and recovery (3rd
arrow and vertical line). During this sequence the third unit
stops firing and a fourth unit is recruited. Motor units 1 and 2
remain silent. At 610 s the second motor unit begins firing
again. Motor unit 1 remains silent for the duration of the
experiment.
Figure 2 presents an example of motor unit substitution

during a test with mental concentration. This procedure is
known to elicit sustained, low-level surface EMG activity in

FIG. 1. Surface electromyogram (EMG) response (A) and firing pattern of
4 motor units (B) during a static, 10-min contraction. Firing rates are low-pass
filtered at 0.5 Hz. Two examples of motor unit templates for each unit (shown
next to the corresponding motor unit) were extracted at times marked by
asterisks. Arrows and vertical dotted lines mark positions of special events in
the recording (cf. text for details).
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Motor unit trade off during long contractions

The dependence of such activity would depend on multiple
factors—for example, relative thresholds of motoneurons, the
level of net excitatory input to the pool, the number of action
potentials discharged by each motoneuron, and the level of
persistent inward currents.

Rotation during rhythmic (pseudosinusoidal) modulation of
firing rate

During the constant firing rate protocol, the recruitment of
additional units may occur because the threshold of the first

recruited unit has increased and, with the increased synaptic
input, the firing threshold of a fresh higher-threshold motor
unit is reached. Another possibility is that some mechanism
during prolonged activation of the motoneuron pool lowers the
thresholds of nonfiring motoneurons. A partial answer to this
question was obtained from the protocol in which subjects
were asked to rhythmically modulate the firing rate of the first
recruited, tonically firing motor unit. It should be noted that for
a subject, modulating force by following a given sinusoidal
curve on the screen while maintaining continuous firing of a

FIG. 1. Data are shown from 3 sets of
motor units from 3 different muscles to il-
lustrate various patterns of discharge among
motor units involved in an isometric contrac-
tion. Unrectified surface electromyographic
(EMG) activity from the muscle is shown in
the bottom panel of each figure. Above that
is the (A) isometric force of abduction ex-
erted by abductor digiti minimi (ADM) mea-
sured at the first phalange of the little finger;
(B) isometric force exerted by wrist flexors
at the metacarpophalangeal joint; and (C)
isometric force of abduction exerted by first
dorsal interosseous (FDI) measured at the
first phalange of the index finger. In the next
2 or 3 panels are shown the instantaneous
firing rates of each unit in the set. Rotation
among Unit 1 and Unit 2 for ADM occurred
around 350–550 s, among Unit 1 and Unit 3
for flexor carpi radialis (FCR) around 120–
280 s, and among Unit 1 and Unit 3 for FDI
around 260–400 s. Timescale along the ab-
scissa is in seconds.
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Motor unit redundancy

Computationally describing the motor unit pool 
requires mechanical and neural parameters
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signal, one-half relaxation time (%RT: time from the beginning of 
the post stimulus force decay to l/2 that force value). Unless other- 
wise stated, mean force data were used here, largely to make ade- 
quate comparisons between unfused and fused force responses. 
Force fatigue index was computed as the ratio between final and 
initial force in response to intermittent 40 Hz stimulation applied 
for 2 min (Burke et al. 1973). The peak positive and negative time 
differentials of the force signal normalized to peak force provided 
normalized maximum contraction rate (MCR) and normalized 
maximum relaxation rate (MRR). 

Peak force, contraction time (CT: time from force onset to 
peak), and %RT were also measured from averages of five twitch 
responses as described previously (Thomas et al. 1990). 

Values are given as means I~I: SD unless stated otherwise. Differ- 
ences between means were assessed with two-tailed t tests. Rela- 
tionships between parameters were analyzed by linear regression 
and Spearman rank correlations. Because the results from each 
procedure were similar, only linear regression data are given. P < 
0.05 was taken as statistically significant. 

RESULTS 

Figure 1 shows examples of the isometric twitch force 
contractions of one unit together with the forces evoked by 
stimulating at rates between 5 and 100 Hz. As expected, the 
force responses became progressively more fused at higher 
stimulation rates. For the unit shown, twitch fusion began 
between 5 and 8 Hz, and maximum (mean) tetanic force 
was reached between 30 and 50 Hz. Similar responses were 
found for all the units (n = 30), i.e., twitch fusion was evi- 
dent at 8 or 5 Hz and maximum tetanic force was exerted at 
rates between 30 and 50 Hz for most units. However, a few 
units required frequencies of 50- 100 Hz to generate maxi- 
mum tetanic force. 

The absolute and relative (%maximum) forces, produced 
in response to different stimulation frequencies, were exam- 
ined on both linear and logarithmic frequency coordinates, 
an example of which is shown in Fig. 2. For all units, maxi- 
mum tetanic forces during the first force-frequency test 
(run 1) varied between 22 and 166 mN (80 t 38 mN, 
mean t SD), whereas peak twitch forces recorded just be- 
fore the force-frequency test ranged from 5 to 4 1 mN (22 t 
11 mN). This resulted in tetanic/twitch ratios ranging from 
2.4 to 9.6. Similar ratios were obtained when peak tetanic 
forces were used (see Thomas et al. 1990). 

Force gradation with stimulation frequency 

Figure 2 shows data from one unit and how the greatest 
force changes occur over a relatively narrow range of low 
frequencies. At 8 Hz, units developed an average of 29% of 
their maximum tetanic force, whereas at 30 Hz this in- 
creased to 84%. At 15 Hz, 24 units (80%) developed >50% 
of their maximum force output. Because the steepest por- 
tion of the force-frequency curve is the range over which 
small frequency changes are most effective in altering the 
force of a unit, this range was assessed more closely. For 
each unit, estimates were made of 1) the frequency needed 
to produce 50% maximum tetanic force and 2) the fre- 
quency range over which the slope of the force gradation 
was greatest. 
FREQUENCY TO PRODUCE 50% MAXIMUM TETANIC FORCE. 
The force-frequency relationships were almost linear be- 

Frequency, l-k 

FIG. 2. Absolute and relative force vs. frequency on linear (A) and loga- 
rithmic (B) coordinates. Data shown are for the unit in Fig. 1. Regression 
lines fit data between 8 and 30 Hz (Y = 0.96 and 0.99 for linear and logarith- 
mic frequency scales, respectively). Equation for logarithmic frequency 
coordinates was used to interpolate the frequency needed to evoke 50% 
maximum tetanic force (B). 

tween 8 and 30 Hz (Fig. 2). This linear relationship was 
exploited to estimate the frequency at which 50% force was 
produced. Force data between 8 and 30 Hz were fitted to 
linear functions with the use of both linear and logarithmic 
frequency coordinates (Fig. 2, A and B, - - - between data 
points). The linear regression model with logarithmic coor- 
dinates described the force-frequency relationship well 
(e.g., Fig. 2B, r = 0.99; mean r values = 0.93 t 0.04) and 
was used to calculate the stimulation frequency required to 
produce 50% maximum tetanic force. Linear frequency co- 
ordinates gave somewhat weaker relationships (e.g., Fig. 
2A, r = 0.96; r = 0.90 t 0.07). The histogram of Fig. 3A 
shows these frequency estimates for all units (mean 12 t 4 
Hz). The frequency required to evoke 50% force was not 
significantly correlated to either tetanic or twitch forces. 
FREQUENCYRANGESFORMAXIMUMFORCEGRADATION. The 
force change over the 8 to 30 Hz frequency range varied 
between units, as did the slope coefficients of the regression 
lines. The slopes of the regression lines, plotted on relative 
force coordinates, were not correlated to either the twitch or 
tetanic forces. However, when absolute forces were consid- 
ered, there was a significant positive correlation to both 
(both P < 0.01). 

The frequencies for maximum force gradation and its 
magnitude were determined by linear regression on linear 
frequency coordinates for smaller segments of the force-fre- 
quency curves. Each three consecutive data points were 
used, i.e. force data at 5,8, and 10 Hz; 8, 10, and 15 Hz, etc. 
Figure 3B shows, for each unit, the maximum sensitivity to 
frequency changes and the frequency range at which it was 

Thomas et al., 1991
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the elbow by the use of a tungsten microelectrode, which was 
insulated except for its tip. To control artifacts arising from blood 
circulation, each stimulus or train of stimuli was delivered after a 
systolic pulse pressure wave and after electronically resetting the 
force baseline to zero (Fig. 1). 

Force and electromyographic (EMG) recording 
The hand and fingers were firmly stabilized in molded modeling 

clay. Isometric thumb abduction and flexion force components 
were recorded simultaneously with a two-dimensional strain 
gauge system applied to the interphalangeal joint of the thumb, 
which was immobilized in an extended position. The position of 
the thumb was defined by 0.5 N resting tension in both abduction 
and flexion directions. EMG was measured from both the proxi- 
mal and distal thenar muscle surfaces. 

Protocol 
After isolation of a single motor unit (for criteria, see Westling et 

al. 1990), each axon was stimulated with 5- 10 pulses, at a rate 
corresponding to the heart rate, before and after test protocols 
designed to examine the following motor unit properties: I) their 
force-frequency relations as reported here; 2) the stimulus pattern 
that maximizes their force (to be described in a subsequent re- 
port); or 3) their responses to fatigue (Thomas et al. 199 1). Force- 
frequency responses were recorded when trains of pulses were de- 
livered at 5, 8, and 10 Hz, each train 2 s duration, then at 15, 20, 
30, 50, and 100 Hz, each train 1 s duration. Each pulse train was 

1 Hz 1 1 I 

5Hz 

-7 10Hz 
lllllllllllllllllllI 
t”l’ll”ll”“ll’l’l’llll’ 

0 1 .o 2.0 
Time, s 

Time, s 

separated by an interval of 0.5- 1 s, depending on heart rate. The 
stimulation sequences were delivered in order of ascending, then 
descending, frequencies or vice versa. Because there were no obvi- 
ous systematic differences between the forces obtained, the data 
from the ascending and the descending frequency sequences were 
pooled. To determine the stimulus patterns that maximized force 
output, two pulses were delivered 500 ms apart, then repeatedly at 
intervals reduced to 5 ms in increments of 100, 20, or 5 ms. The 
interval that generated maximum twitch summation was then re- 
peated as a third pulse was delivered at progressively shorter inter- 
vals. This process was repeated until six such intervals were estab- 
lished (Thomas et al. 1989). To assess the fatigue properties of 
each unit, trains of 13 pulses were delivered at 40 Hz every 1 s for 2 
min (Burke et al. 1973). 

Most units were subjected to all three tests. However, the first 
test was always either 1 or 2 above. For some units, these test 
protocols were repeated. 

Data collection and analysis 
All force and surface EMG data and stimulus (and trigger) 

events were sampled on-line by a laboratory computer system 
(12-bit A-D converter) at rates of 0.4, 3.2, and 3.2 kHz, respec- 
tively, as described previously (Westling et al. 1990). 

The resultant force was calculated from the abduction and flex- 
ion force components recorded during the force-frequency tests, 
and the following contractile parameters were measured: peak 
force, mean force (total force-time integral/total force duration), 
the maximum positive and negative time differentials of the force 

FIG. 1. Resultant force records from 1 mo- 
tor unit when its axon was stimulated with 
trains of pulses at frequencies indicated. Each 
train of stimuli was synchronized to the heart- 
beat. Note the force baseline reset (v) before 
stimulation, the force fluctuations from subse- 
quent pulse pressure waves (v), and the unitary 
nature of the responses (*no response to 1st 
pulse at 5 Hz, but once the current intensity was 
increased slightly, the unit always responded). 
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Motor unit redundancy

Unlike optimizing muscle use, 
optimizing motor unit use is MINLP (NP hard)

Minimize Energy Expenditure over variables f and a, subject to

Mixed integer
nonlinear optimization (MINLP)



MATLAB

MINLP Model of Motor Unit Recruitment

Kutch et al., In preparation
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during the graded minimal rate task when subjects were given
audio feedback (Fig. 1B). There was no difference (P ! 0.514)
in minimal discharge rate during the ramp task (9.7 " 1.7 pps)
and the discrete minimal rate task (10.2 " 1.2 pps).

Discharge rate

Motor unit discharge rate increased with index finger force
for all units (Fig. 2). Twelve of the 38 motor units exhibited a
clear plateau in discharge rate. The slope of the relation
between discharge rate and force was not related to recruitment
threshold (r2 ! 0.08; P ! 0.124) and had an average value of
0.99 " 0.24 pps/%MVC.

Minimal and peak discharge rates measured during the
discrete tasks both increased with recruitment threshold. Figure
3 shows representative data from three motor units spanning
the range of recruitment thresholds observed in this study.
Minimal discharge rates increased from 6.5 to 22.7 pps as
recruitment threshold increased. Similarly, peak discharge
rates increased from 13.8 at lower thresholds to 37.8 pps at
higher thresholds (Table 1). Minimal and peak discharge rates
for all motor units are summarized in Fig. 4. Regression
analyses revealed a positive linear trend in both minimal (r2 !
0.57, P # 0.001) and peak (r2 ! 0.49, P # 0.001) discharge

rate as a function of recruitment threshold. A similar regression
was obtained for the peak discharge rates (r2 ! 0.53, P #
0.001) of a subset of the 12 motor units that showed a clear
plateau in discharge rate.

Discharge rate variability

Relative discharge rate variability (CV) decreased exponen-
tially as force increased above recruitment threshold for each
motor unit (Fig. 5, A and B). The CV for the ISIs for each
motor unit declined as an exponential function of index finger
force (r2 ! 0.72 " 0.07). The CV for ISIs ranged from peak
values of 30.0 " 3.5% to minimal values of 13.4 " 1.1% for
all motor units. The exponential decrease in the CV was most
evident for the 12 motor units that exhibited clear plateaus in
discharge rate (Fig. 5B), although the CV often reached min-
imal values before the plateau in discharge rate. The mean CV
for ISIs for all trials was 19.8 " 2.5%. Absolute discharge rate
variability (SD) also decreased exponentially with an increase
in force (Fig. 5C).

FIG. 2. Variation in the discharge rate of 38 motor units during the discrete
task with increases in the abduction force exerted by the index finger. A: each
symbol represents a different motor unit, and each data point corresponds to
mean " CI of the discharge rate during an isometric contraction. Data were
obtained for an average of 10.0 " 1.0 target forces for each motor unit, with
each contraction lasting 5.9 " 0.9 s. Range of forces that the discharge of each
motor unit could be discriminated is reported in Table 1. B: 3rd-order
regressions for data in A. Bold lines in B represent 12 motor units that exhibited
a clear plateau in peak discharge rate.

FIG. 1. Relations between forces and discharge rates observed for 29 motor
units during ramp task, graded minimal rate task, and discrete minimal rate
task. A: forces measured during the 3 tasks. Clustering of data about the line
of identity indicates similar relations for graded (P ! 0.202) and discrete (P !
0.784) minimal rate tasks compared with ramp task. B: minimal discharge rates
observed during the 3 tasks. Minimal discharge rates recorded during discrete
minimal rate task did not differ from the line of identity with ramp task (P !
0.514), whereas discharge rates were lower for graded minimal rate task (P #
0.001).
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Motor unit rotation: depletion recharge model

1. If motor unit active, peak firing rate decays

2. If motor unit is off, peak firing rate recovers

3. When peak firing rate passes a threshold, 
motor unit is ready to go again 

see Dideriksen et al., 2010 for a more complex model
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MINLP Model of Motor Unit Rotation

Kutch et al., In preparation
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Simulated motor unit rotation: 5% maximum
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Motor unit
force

Motor unit spikes

Kutch et al., 2007

Muscle
force

Motor unit spikes

STA

Stein et al., 1972

Spike triggered averaging: information from “noise”



Kutch et al., 2010

Motor unit redundancy
EMG-weighted averaging (EWA)
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Sustained contraction
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Evidence of motor unit rotation



MATLAB

Fuglevand Model of Spike-triggered Averaging



Summary

1. Understanding and better treating chronic 
pain is essential. Problem of brain-body 
interaction?

2. Examples of subconscious peripheral activity 
oscillations from muscle redundancy

3. Examples of subconscious peripheral activity 
oscillations from motor unit redundancy

4. Utility of doing experiments but thinking 
about them using simple models.
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